Abstract-A correct and rapid inference is required for practical use of an on-line fault diagnosis in power substations. This paper proposes a novel approach for on-line fault section estimations and fault types identification using the hybrid cause-effect network/fuzzy rule-based method in distribution substations. A cause-effect network, which is well suited to parallel processing, represents the functions of protective relays and circuit breakers for selection of faulted sections. Therefore the inference speed can be improved significantly. In order to deal with the uncertainties involved in the process of clarifying faults, a fuzzy rule-based method is derived. The proposed approach has been practically verified by testing on a typical Taiwan Power Company's (Taipower) secondary substation. The experimental results reveal that the correct and rapid diagnosis is obtained even for the fault domains involving multiple faults and failure operations of protective devices. Moreover, it is easy to implement and transplant into different substations.
I. INTRODUCTION

I
N A modern power system, the monitoring and control of substations are based on the computerized Energy Management System (EMS) and Supervisory Control And Data Acquisition (SCADA) system. When faults occur in an automated substation, the faulted devices are isolated by the operation of corresponding relays and circuit breakers; meanwhile, the SCADA system will issue alarm messages in a short time and pour them into the operator's consoles. The operators, in the control center, are responsible for restoring the faulted system and must use their judgements and experiences to determine the possible faulted elements as the first step in the restoration procedures. When a breaker or its associated relays fail to operate, the fault is removed by the backup protection. In such cases, the outage area is extended. If no automatic diagnosis support function is relied on, it is difficult to pick up the cause of the fault by the operator under emergency. Moreover, multiple faults may take place, with many breakers being tripped at the same time. In these circumstances, so many alarm messages pour into the operator's consoles that it is difficult for the operators to analyze the situation satisfactorily and to ensure that the most appropriate actions be taken. Therefore, it M.-S. Tsai is with the Department of Electrical Engineering, Chinese Culture University, Taipei, Taiwan.
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is important to develop some methods of providing rapid and accurate fault analysis to assist operators in the aforementioned situations.
Over the past decade, considerable efforts have been made toward developing computer tools for fault diagnosis. Most of them have heavily relied on the use of Expert System (ES) [1] - [6] . Although the ES based approach offers powerful solutions to the fault diagnosis, it suffers from some imperfections. For instance, the procedure of knowledge acquisition and knowledge base revision or maintenance is quite burdensome. Besides, the response time of the ES is usually not applicable to a real-time environment due to the conventional knowledge representation and inference mechanism. In recent years, the use of Artificial Neural Network (ANN) is a potential solution to these problems, as demonstrated in some related papers [7] - [10] . The problem of fault diagnosis is formulated as one of pattern recognition by identifying various combinations of breakers and relay states. Basic capabilities of ANN's in on-line fault diagnosis environments have been exhibited. However, some problems still remain unsolved in practical application so far, such as slow convergence in the training process, and determination of the network parameters like hidden units, layers, learning rate and momentum value [11] . In addition, the ANN approach has bad transparency, i.e., we cannot determine how results are achieved, or how the diagnosis is reached from the output [12] . In addition, when any configuration of the system changes, the related neural network needs to be re-trained. In practical use, the needs of a great number of patterns to train the ANN and the slow training process often make the users hesitate to accept the ANN approach in the fault diagnosis.
Parallel processing is a useful means for reducing the processing time of fault diagnosis. In [13] , the knowledge representation and inference procedure using the cause-effect network were presented for diagnosing multiple faults as well as a single fault. However, it has following drawbacks:
1) It can not distinguish from different fault types using a fixed cause-effect network. 2) It is unable to show whether a relay has been actuated correctly or falsely without if-then rules in the cause-effect network [14] . In this paper, we proposed a technique to overcome the above insufficiencies by using a hybrid cause-effect network/fuzzy rule-based method. Through the verification by testing on a Taipower secondary substation, it is found that the developed method is capable of estimating the faulted section and identifying fault types of single or multiple faults, even subject to 0885-8977/00$10.00 © 2000 IEEE false operations of relays and/or breakers in a very efficient manner.
II. PROBLEM DESCRIPTIONS
Recently, automation of substations becomes a hot issue in Taipower to fulfill the Hierarchical Dispatch and Control System (HDCS) for supplying reliable power to the customers and coping with the factor of labor shortage. The HDCS comprises one Central Dispatch and Control System (CDCS), six Area Dispatch and Control Systems (ADCS) and nineteen District Dispatch and Control Systems (DDCS) in two-stage project. In DDCS control center, an operator is responsible for more than ten unmanned secondary substations simultaneously. Under this situation, when an inevitable fault occurs, the operators must determine the characteristics and location of this fault based on the status of relays and breakers as well as bus voltages and feeder currents from the overwhelming alarm sets. Obviously, it is difficult and time consuming. This task become increasingly complex if multiple faults have occurred or some pieces of equipment have malfunctioned.
This paper is primarily concerned with centralized fault diagnosis in estimating faulted sections and identifying fault types in unmanned substations subjected to the following problem domains:
1) Single fault without failure device.
2) Single fault with more than one failure device.
3) Multiple faults without failure device. 4) Multiple faults with more than one failure device. A section of the substation here refers as a feeder, a bus bar or a transformer, which can be separated by breakers. Prior to dealing with such a fault diagnosis problem, the following assumptions are also given:
1) Four categories of faults in a substation are considered, i.e., Single Line-to-Ground (SLG), Double Line (DL), Double Line-to-Ground (DLG) and Three-Phase (3) faults. 2) All relays and circuit breakers are in their final states. 3) Any device openings or closings and real-time measurements (bus voltages and feeder currents) are known through SCADA system and updated in the database.
III. METHODOLOGY
The structure of the proposed fault diagnosis system is shown in Fig. 1 , which comprises Cause-Effect Network, Fuzzy Data Base & Rule Base, Inference Mechanism, Real-Time Data Processor and User Interface. The individual units will be described as following:
A. Cause-Effect Network (CEN)
The CEN unit is the associated cause-effect network of the substations. Since its salient features of high-speed inference and easiness of implementation, the cause-effect network is selected as the system configuration and relaying scheme representation for on-line fault sections estimation. As noted, we also offer an aggregated technique to overcome the inadequacy of inferring different fault types in a fixed cause-effect network. A cause-effect network represents the causality between faults and actions of relays and breakers with three kinds of nodes, including the following:
• Fault section node This node represents a section hit by a fault.
• Relay node
This node indicates the action of a protective relay.
• CB node
This node means the action of a circuit breaker. A simple model distribution system, as shown in Fig. 2 , is used to illustrate the knowledge representation by the aggregated cause-effect network. The model system is protected by Over Current (CO) relays, Low-energy Over Current (LCO) relays and Circuit Breakers (CB).
Suppose that a SLG fault occurs at phase A of feeder 2 (F2), which causes the actions of protective relays CO2-A, LC02 to trip circuit breaker CB2. If they fail to trip CB2, the backup relays C03-A and LCO3 operate to trip CB3. The associated CEN is shown in Fig. 3(a) . Note that, to distinguish the trip of CB2 is caused by relays CO2-A and LCO2, we use the symbols "CB2, CO2-A" and "CB2, LCO2" instead of "CB2". Because relays CO3-A and LCO3 are the main protection of BUS section, the protected-by arc should be connected from BUS section to relay node CO3-A and LCO3 to include the situation where a fault may occur at BUS section. Next, when there is a DL fault occurring at phases B and C of F2, relays CO2-B, CO2-C will operate and trip breaker CB2. The associated CEN is shown in Fig. 3(b) .
Since there are several fault types may occur; obviously, it is quite exhausted to establish all CEN's including various fault types at every possible fault section. Furthermore, when the fault type is unknown, it is unable to infer the fault section by choosing the corresponding CEN correctly. To overcome this problem, we perform a logic-OR operation into each phase relays of the same feeder (e.g., CO2-A, CO2-B, CO2-C) and the related grounded relay (LCO2) to be an aggregated relay (CO2), i.e., CO2 operated if CO2-A or CO2-B or CO2-C or LCO2 operated. In this manner, we can get the aggregated CEN of the model system. The network is shown in Fig. 3(c) . Hence, we use an aggregated CEN for handling various fault types at every possible faulted section.
B. Fuzzy Data Base & Rule Base
The second task of the proposed method is to classify the types of fault based on feeder currents and bus voltages through SCADA system by using fuzzy if-then rules. To identify fault types, most of researchers [3] , [6] use a threshold value to determine whether the changes of analog measurements from prefault to post-fault satisfy the pre-defined threshold. The values of faulted currents and voltages are highly depending on the location between the source and the faulted location as well as load characteristics. Therefore, it is very difficult, if not impossible, to select a fixed threshold to apply to all possible fault situations. This is the reason why coping with the uncertainties is necessary.
Fuzzy sets provide a mathematical way to represent vagueness in humanistic systems. In fuzzy set theory, the concept of possibility is used and defined by a number between one and zero. For classical (crisp) sets an element in the universe X is either belong to the set or it is not, whereas elements of a fuzzy set may have various degrees of belonging. A fuzzy set can be defined as follows []:
An element of a fuzzy set is an ordered pair containing a set element and the degree of membership in the fuzzy set. A membership function is a mapping: The membership function describes the degree that the element belongs to the fuzzy set A. A higher value of A () means a greater degree of membership. The underlying power of fuzzy set theory is that it uses linguistic variables, rather than quantitative variables, to represent imprecise concepts. A linguistic variable differs from a numerical variable in that its values are not numbers but words or sentences in a natural or artificial language. For instance, instead of describing the values of the faulted currents or voltages in terms of their exact magnitude, we could just say that the currents or voltages are high or low, which is more uncertain and less precise but more useful. The vague term high and low can be conveniently represented by fuzzy sets defined on the universe of discourse of current values and voltage values respectively. All measurements, in root mean square value, are described with the use among three fuzzy sets: Low, Normal and High. The related linguistic variables and membership functions are defined in Fuzzy Data Base and shown in Fig. 4 . In general, as faults occur, currents increase in magnitude and voltages go down. This is the reason why we choose the linear membership functions for the fuzzy variables. If we use a triangular membership function for feeder currents, not all the higher The Fuzzy Rule Base is formed by rules which are elicited from all types of fault. In order to define these rules, behavior of analogue signal has to be well understood. Table I shows the summary of rules for identifying fault types through more than one hundred Electromagnetic Transients Program (EMTP) simulation runs. These rules have the following form: 
C. Inference Mechanism (IM)
The IM controls the process of deriving fault sections and fault types.
Fault Section Estimation: The fault section is estimated through two procedures: 1) Generation of fault section candidates 2) Selection of faulted section The procedures are grouped into the following steps to form candidates of faulted section.
Step 1: Retrieve the operated relay nodes and place a marker at these nodes. For example, Fig. 5(a) shows the result of associative retrieval of relay COI.
Step 2: Transmit markers from marked nodes to parent nodes. This step is called marker propagation, which can be processed in parallel to improve inference speed. Fig. 5(b) shows the result of marker propagation.
Step 3: Retrieve fault section nodes that are marked at least by one marker. Since the fault section node, F1, comprises one marker, it is selected as the fault section candidate. The section nodes selected in Step 3 are called fault section candidates. The most likely faulted section has to be selected out of the fault section candidates. The following two indices L1(F j ) and L2(F j ) are used to estimate the possible faulted section of the fault at section F j : 
L1(F j )
= set of operated relay nodes not reaching to the node representing the section comprising section
= set of nodes of the main protective relay which fails to be operated and whose child nodes are not marked under the fault at section F j . The physical meaning of empty L2(F j ) represents "without operating failure of main protective relays and any backup relays". On the other hand, the empty of L1(F j ) represents "without falsely operated relays".
The possibility that a fault has occurred at section F j decreases with the increase of the numbers of elements of sets L1(F j ) and L2(F j ). The faulted section is derived through the following steps:
Step 1: Select the fault candidates F j with empty L2(F j ).
Step 2: Select the fault candidates F j with empty L1(F j ). If both L2(F j ) and L1(F j ) are empty, it is most likely that the fault has occurred at section F j .
Step 3: If the intersection of L1(F i ) and L1(F j ) is empty, multiple faults at sections F i and F j are selected.
Step 4: If there is no candidate after Step 3, the section which has minimum number of elements in L2 is selected. If L2 has the same minimum number of elements at sections F i and F j , the section with minimum number of elements in L1 is chosen from them. 
Fault Type Identification:
The process of the fault type fuzzy reasoning consists of four stages as shown in Fig. 6 . First, measurements of the feeder currents and bus voltages must be taken from SCADA system. Next, these values must be translated into fuzzy linguistic terms; these terms are specified by the membership functions of the fuzzy sets, which are defined in the appropriate universe of discourse. These linguistic terms are then used in the evaluation of the fuzzy rules. Fuzzy rules are evaluated by means of the compositional rule of inference. The maximum membership grade in rules stands for the dominant rule and is selected as the final result.
D. Real-Time Data Processor (RTDP)
The RTDP unit is used to scan and process the real-time raw data including Digital Input (DI) points, such as states of relays and breakers, as well as Analog Input (AI) points, such as feeder currents and bus voltages from SCADA system. The scanned data are processed and compiled in the form required by the Inference Mechanism. For example, the actions of CO relays in any phase or a LCO relay of the same feeder are regarded as the action of a single CO relay.
E. User Interface (UI)
The UI unit deals with the communication between the operator and the diagnosis system and provides greater clarity and flexibility in presenting information to the operators. With UI, the operator can ask the diagnosis system to identify faulted sections and types. The configurations of the substation and the distribution feeder are also input into the system through the UI. 
IV. CASE STUDIES
The proposed method is applied to a realistic Taipower secondary substation. The substation is composed of three sub-transmission lines, three main transformers, two tie circuit breakers, one 69KV primary bus bar and three 11.4KV secondary bus bars. Each secondary bus contains five radial distribution feeders which are protected by CO relays, LCO relays and reclosers. The main transformers are protected by differential relays. The bus bars are protected by CO and LCO relays and as the back-up protection for each feeder. The three-phase, four-wire distribution system are solidly grounded at substation, with the neutral wire also grounded at each distribution transformer location. Several case studies are presented to illustrate the capabilities of the proposed method. The test measurement data are generated by running the EMTP.
Case 1 (Single fault with one failure device): A single line-to-ground fault occurs at phase C of F1, which causes CO relay "CO1-C" and LCO relay "LCO1" to operate. However, the associated breaker, CB1, fails to trip. The backup protective relays "COM1-C" and "LCOM1" operate and trip the breaker "CBM1". The fault situation with the corresponding peak bus voltages and feeder currents at the fault is shown in Fig. 7(a) . Table II(a) is the result of the associated fault section estimation. From the table, we can find that both of indices L1(F1) and L2(F1) are empty; therefore, it is natural to estimate that the fault has occurred at F1. The fault type is identified by using the fuzzy if-then rules. The final results are shown in Table II In the sequel, we choose the highest degree of F (R i ) as the firing rule. Consequently, the type of a single line-to-ground fault at phase C is detected.
Case 2 (Multiple faults without failure device): In this case, double faults occur at phases A, B of F2 and phase A of F6 simultaneously. Relays "CO2-A" "CO2-B", "CO6-A" and "LCO6" operate normally and trip circuit breaker "CB2", "CB6" respectively. The fault situation is shown in Fig. 7(b) . The results of the fault section and type are shown in Table III .
Case 3 (Multiple faults with more than one failure devices): In this case, a three-phase fault occurs at F3. Relays "CO3-A", "CO3-B" and "CO3-C" operate correctly while breaker "CB3" has failed to be tripped. Owing to the tripping failure of "CB3", the backup breaker "CBM1" is tripped by the operation of relays "COM1-A", "COM1-13" and "COM1-C". Meanwhile, a double-line to ground fault at phases B and C has happened at F8, which causes "CO8-B" and "CO8-C" operate to trip "CB8", but "LCO8" fails. The fault situation is shown in Fig. 7(c) . The diagnostic result is listed in Table IV . When run on the pentium II-333 PC in C++ language, the proposed system took less than one second to diagnose the faulted section. Since the computation procedure of the proposed system is simple and the inference speed of the cause-effect network increases at most linearly with the number of operated relays, the inference time is heavily reduced.
V. CONCLUSIONS
As an operator's auxiliary function, this paper has presented a method for on-line fault diagnosis in distribution substations. It is capable of estimating the fault section and identifying fault types of single or multiple faults, even subject to false operations of relays and/or breakers using the hybrid cause-effect network/fuzzy rule-based method. Since the CEN is a graphicmodeling tool, it is much more useful for illustrating the relationship of faults and protective devices. Table V . shows a comparison with other approaches. The proposed method is superior to conventional methods in the following points:
• Fast inference speed.
• Plainness of knowledge representation.
• Simplicity in inference procedures.
• Easiness of implementation and data base maintenance.
• Robustness in the face of dealing with uncertainties.
